Abstract: The pGI 50 cytotoxicity values of 112 compounds on K-562 cancer cell line were modelled in order to illustrate the quantitative structure-activity relationship of the compounds. The data set were divided into training and test set through Kennardstone algorithm, while the pool of molecular descriptors calculated with paDEL descriptor metric program was subjected to genetic functional algorithm for selection of descriptor to be modeled. The statistical significance of the model was verified by calculating the values of Q 
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PUBLIC INTEREST STATEMENT
Cancer at the present is considered as one of the most deadly disease in the world. Statistics from WHO indicates that one in every five people will die of cancer, this was attributed to the recent rise in chemical carcinogenic agents present in our treated waters, processed foods and nonfood chemicals, normally found in homes. This paper aims to fastrack the discovery of anticancer drugs, by applying a well-validated mathematical model. The model contains important chemical properties responsible for mitigating the growth of cancerous cells, which can be applied in designing and screening of potential anticancer drugs with high biological activity.
Introduction
Cancer is one of deadliest diseases in the world; it is caused by uncontrolled cellular growth. The disease is best seen as the inhibition of the defence mechanism responsible for the eradication of cells, which has been the backbone of carcinogenesis.
Cancer reportedly kills 135,000 people a year, which is a bit higher than the from heart disease (News, 2003) . Most cancer noticed have been reportedly linked to mutations caused by chemical exposure from environmental pollutants, food constituents, tobacco smoking, etc. (Ferlay et al., 2010; Iuliano et al., 2012; World Health Organization, 2002) . Cancerous tumours are of two types, one malignant or Benign in nature (Siegel, Miller, & Jemal, 2015) and the other metastasis, which is the spread of cancer from the main site to other neighbouring organs, is the major cause of mortality in cancer-suffering patients (Parkin, Boyd, & Walker, 2011) . Some tumour cells have been reported to resist the effect of present-day chemotherapeutic agents, given rise to a problem involving the clinical treatment of cancer, and so bringing our search for novel anticancer agents that selectively induce apoptosis.
K562 cells were the first human immortalized myelogenous leukaemia line to be recognized. They are of the erythroleukemia type, and the cell line was gotten from a 53-year-old female chronic myelogenous leukemia patient in blast crisis (Drexler, 2000; Lozzio & Lozzio, 1975) .The cells are non-adherent and rounded, they are positive for the BCR/ABL fusion gene, and bear some proteomic similarity to undifferentiated erythrocytes (Andersson, Nilsson, & Gahmberg, 1979) . In culture they display much less clattering than many other suspension lines, probably due to the down regulation of surface adhesion molecules by bcr/abl. Though, additional study proposes that BCR/ABL over-expression may actually increase cell adherence to cell culture plastic (Karimiani et al., 2014) . The issue with K562 cells, and numerous other cancer cell sorts, is an excess of Aurora kinases (Fan et al., 2016) . These kinases assume a part in the development of spindles, partition of chromosomes, and cytokinesis (Fan et al., 2016) . These functions are important in cells so as to divide and regenerate tissues, and assume a support part in homeostatic capacities. Be that as it may, the excess of Aurora kinases takes into consideration uncontrolled cell division, bringing about tumor (Fan et al., 2016) . Inhibiting these kinases is an essential direction mechanism of cancer, since it keeps cells from advancing into mitosis.
Computational design of novel molecule is a tool that has been used to accelerate discovery process, resulting in its acknowledgement and popularity. This is due to its tendency to reduce the classical trial and error approach (Roy, Kar, & Das, 2015b) . Also, development of molecular modelling techniques such as quantitative-structure activity relationship (QSAR), application of conformational search methodologies like molecular dynamics and Monte-Carlo simulations and so on have also contributed greatly to discovery and development of new molecules (Sabet, Mohammadpour, Sadeghi, & Fassihi, 2010; Speck-Planche, Kleandrova, Luan, & Cordeiro, 2012a , 2012b . The purpose of this study is to develop a new in silico QSAR model that can be used to screen the bioactivity of known and hypothetical molecules against K-562 cancer cell line and further design new active molecules by altering molecular descriptors and chemical fragments which were found to be significant within the applicability domain of the model.
Experimental section
The computational hardware and software used in this work includes the following: computer (HP pavilion Intel(R) core i5-4200U with 1.63 Hz and 2.3 Hz processors and windows 8.1 operating system), Spartan 14 (Hehre & Huang, 1995) , ChemBio Ultra 12.0 (Evans, 2014; Li, Wan, Shi, & Ouyang, 2004) , Padel-descriptor (Yap, 2011) and MS Excel (Denton, 2001) .
The data set contained 112 molecules used to evaluate the relationship between the chemical fingerprints of the compounds and their anticancer activities on human leukaemia (K-562) cell line (Marx, O'Neil, Hoffman, & Ujwal, 2003) . The chemical structures of the data set, NSC and CAS numbers, were taken from the drug discovery and development arm of the National Cancer Institute) (https://wiki.nci.nih.gov/display/NCIDTPdata/NCI-60+Growth+Inhibition+Data). The data contains aminopterin and camptothecin derivatives, colchicine analogues and so on. The anticancer activity results are shown in GI 50 , which is the concentration for 50% of cancer cell proliferation (Marx et al., 2003) . Some the compounds containing salts or small fragments were treated separately, the metal ions and chloride ions were removed since they play no significant contribution to the activity of the drugs, this was collaborated by authors such as Fatemi (Fatemi, Heidari, & Gharaghani, 2015) and (Kar & Roy, 2012; Roy, Kar, & Das, 2015a) . The counterpart of the ions was optimized at a protonated state, as they should in solution.
The biological activity (-logGI 50 ) of the studied compounds are presented in Table 1 and the data set of the activities ranges from 2.2 to 9.3. Further literature (Chopade, Phadnis, Hodage, Wadawale, & Jain, 2015) showing the wide range of activities data set is used to improve the quality of information got from the compounds.
Generation of molecular descriptors
The two-dimensional (2D) structure of each of the compounds was generated using the sketch option on Spartan 14 and was converted into three-dimensional (3D) structure by using the view option on Spartan 14. From the build option on the program, the structures were minimized using molecular mechanic force field option to remove any strain present in the molecular structure. In addition, this ensures a well-defined conformer relationship between the compounds under study (Viswanadhan, Ghose, Revankar, & Robins, 1989) . From the set-up calculation option on Spartan 14, the calculation was set to equilibrium geometry at the ground state using density functional theory at B3LYP. After optimization, Spartan molecular descriptors were obtained from the displayoutput and display properties option on Spartan 14 GUI. The fully optimized 3D structure without symmetry restrictions were saved as SD file through the file option on the Spartan 14 GUI. The fully optimized 3D structures in SD file were then open with ChemBio 3D ultra 12.0 to calculate molecular topological descriptors using the calculation option on the ChemBio 3D ultra 12.0 GUI
Splitting of data set into modelling sets and evaluation test sets
The data set was divided into two sets, the modelling set and test set. The modelling set is used in developing the model, it contains 80% of the entire data set, while the test set which constitutes the remaining 20% of the whole data set were not used in the construction of the model but to ascertain the predictive ability of the model (Tropsha, 2010) .
Data division
In order to obtain validated QSAR models, the data set was divided into training and test sets. Ideally, this division should be performed such that points representing both training (80% of compounds) and test sets (20% of compounds) are distributed within the whole descriptor space occupied by the entire data set, and each point of the test set is close to at least one point of the training set. This partitioning ensures that a similar principle can be employed for the activity prediction of the test set. Kennard-Stone algorithm will be applied for dividing the data set into a training test and test set (Rajer-Kanduč, Zupan, & Majcen, 2003 , Wu et al., 1996 , Kennard & Stone, 1969 .
i¼1 ½μðiÞ train À μðiÞ test þ ½σðiÞ train À σðiÞ test K is the number of inputs and μ and σ are mean and standard deviation of the input or output variable, respectively. With this technique, all objects are considered as candidates for the training set. The selected candidates are chosen sequentially. KS algorithm can be summarized as follows: First, the KS algorithm takes the pair of samples with the largest Eucledian distance of x-vectors (predictors) and then it sequentially selects a sample to maximize the Eucledian distance between x-vectors of already selected samples and the remaining samples. This process is repeated until the required number of samples is achieved. For each pair of samples i and j, the Eucledian distance in x space is defined as (Wu et al., 1996 Stone, 1969). The algorithm employs Eucledian distance ED x (p q), between the x vectors of each pair (p,q) of samples in order To ensure a uniform distribution of such a subset along the x data space N is the number variables in x and M is the number of samples, while x p (j) and x q (j) are the j the variable for samples p and q, respectively.
Model development
Multiple linear regression was used to show the relationship between the dependent variable Y (pGI 50 ) and independent variable X (atomic descriptors). The model is fit such that sum-of-squares difference between the experimental and predicted values of set biological activity is minimized. In regression analysis, contingent mean of dependant variable (pGI 50 ) Y relies on (descriptors) X.
Evaluation of the QSAR model
The QSAR models developed were validated by reviewing some of its parameters like R 2 (the squared correlation coefficient); F-test (Fischer's value) for statistical significance; Q 2 (cross-validated correlation coefficient); pred R 2 (R 2 for external test set).
Validation of the QSAR model
The ability of a QSAR equation to predict the bioactivity of unknown compounds was determined using the leave-one-out cross-validation method. The cross-validation regression coefficient (Q cv 2 ) was calculated with the following equation:
where y pred , y exp and ỹare the predicted, experimental and mean values of experimental activity, respectively. It has been reported that high estimation of statistical attributes is not enough to justify the ability of a model, and so to assess the predictive capacity of the new QSAR model, the method depicted by Golbraikh and Tropsha (2002) and Roy, Kar, and Ambure (2015) were utilized. The coefficient of determination for the test set R test 2 was calculated through the accompanying mathematical statement:
where Y predtest and Y Test are the predicted value founded on the QSAR equation (model response) and experimental activity values, respectively, of the external test set compounds. Ȳ Training is the average activity value of the training set compounds (Tropsha, Gramatica, & Gombar, 2003) . Additional assessment of the predictive ability of the QSAR model for the test set compounds was done by determining the value of (r m 2 ), using the rm 2 metric calculator developed by Roy et al. (2013) .
Evaluation of the applicability domain of the model
The applicability domain of the QSAR model is imperative in establishing the model ability to make predictions within the chemical space for which it was developed (Tropsha et al., 2003) . The leverage tactic was used in unfolding the applicability domain of the QSAR models (Gramatica, Giani, & Papa, 2007) . Leverage of a given chemical compound h i ; is defined as
, where x i is the descriptor row-vector of the query compound i and X is the n Â k descriptor matrix of the training set compounds used to develop the model. As a prediction tool, the warning leverage (h*) is the limit of normal values for X outliers and is defined as hÃ ¼ 3 k þ 1 ð Þ=n; where n is the number of training compounds and k is the number of descriptors in the model. The test compounds with leverages h i < h Ã are considered to be reliably predicted by the model. 
Results and discussion
A QSAR analysis was performed to explore the SAR of different 112 compounds with different organic moiety acting as anticancer. In a QSAR study, generally, the quality of a model is expressed by its fitting and prediction ability ( Result (MAE-based criteria applied on 95% data)
Prediction quality Moderate
The built model was used to predict the test set data, and the results are presented in Table 1 . The predicted pGI 50 values for the compounds in the training and test sets for K-562 leukaemia cell line were plotted against the experimental pGI 50 values in Figure 1 , Likewise, the plot of the residuals values for both the training and test sets against the experimental pGI 50 estimations is presented in Figure 2 . As can be seen from Table 1 and Figures 1 and 2 Golbraikh and Tropsha (2002) .
QSAR model validation
The genuine value of QSAR models is not only their capacity to reproduce known activities of a compound, confirmed by their fitting power (R 2 ), but for the most part is their potential for predicting biological activity. Therefore, the internal consistency of the training set was confirmed by using leave-one-out (LOO) cross-validation method to guarantee the strength of the model (Supratik Kar, 2010) .
The leverages for every compound in the data set were plotted against their standardized residuals, leading to discovery of outliers and influential chemicals in the models. Figure 3 shows the Williams plot of K-562 data set. The applicability domain is established inside a squared area within ±3 bound for residuals and a leverage threshold h* (hÃ ¼ 3p The Williams plot for K-562 data set shows two group of outliers, one of which is related to the difference in the structures of the compounds used as training set and the other directly related to the wide variations in their experimental data. Compounds with these identification number (ID: 15, 37, 65, 70 and 72) from Table 1 were identified as outliers within the plot because of their incorrect experimental data used, the remaining three compounds (ID: 10, 64 and 84) which influence the scope of the model positively are structurally different from other compounds in the model (Roy et al., 2015) . All these compounds have their leverage values greater than the warning leverage (h*) value; their high leverages are responsible for swaying the performance of the model. In order to assess the robustness of the model, the Y-randomization test was applied in this study. Y-randomization test confirms whether the model is obtained by chance correlation and is a true SAR to validate the adequacy of the training set molecules.
The new QSAR models (after several repetitions) were reported to have low R 2 and Q
LOO
values for K-562 activity (Table 3 ). In the event that the opposite happens, then an adequate QSAR model cannot be obtained for that particular modelling system and information. The after effects of Table 3 show that an adequate model is obtained by GA-MLR system, and the model created is measurably noteworthy and vigorous. In Table 2 , statistical parameters such as the mean absolute error and RMSE for training and test set were recorded to investigate the overall error included in the model (Roy et al., 2015a) . The slope of the models and their coefficients are also presented (Table 2) , which validate the model strength and support other results presented in Table 3 .
To examine the relative importance and the contribution of each descriptor in the model, for each descriptor, the value of the mean effect (MF) was calculated. This calculation was performed with the following equation:
MF j represents the mean effect for the considered descriptor j, β j is the coefficient of the descriptor j, d ij stands for the value of the target descriptors for each molecule and m is the descriptor's number in the model (Dimić, Mercader, & Castro, 2015) .
The MF value provides important information on the effect of the molecular descriptors in the developed model; the signs and the magnitude of these descriptors combined with their mean effects reveal their individual strength and direction in influencing the activity of a compound. The mean effect values are presented in Table 4 . The molecular edge descriptor (MEDC-23) (Liu, Cao, & Li, 1998) , polar surface area (PSA) and maximum hydrogen electropological state (hmax) (Hall & Kier, 1995) were found to have the most pronounce effect on the model. The mean effects of Figure 3 . The Williams plot, the plot of the standardized residuals versus the activity (pGI 50 ) leverage value for K562 data set.
MEDC-23 (−3.918) and PSA (−3.887) were negatively correlated with activities of the model, while that of hmax (2.978) contributes positively to the model, hereby indicating that high PSA and molecules edge of the type (MEDC-23) were responsible for hindering the potency of these compounds on K-562 cancer cell line.
Interpretation of descriptors in model
Methanal fragment count is a 2D molecular descriptor utilized by the model to predict the 50% reduction in proliferation of K-562 leukaemia cell line. This descriptor defines the number formaldehyde fragment that is within a molecule; its mean effect (0.184) to the model though a little insignificant in magnitude is positively correlated to the activity of the compounds.
The PSA of a molecule is defined as the surface sum over all polar atoms, primarily oxygen and nitrogen, also including their attached hydrogens; it is a commonly used medicinal chemistry metric for the optimization of a drug's ability to permeate cells. The mean effect of PSA (−3.887) reported in Table 4 is significantly high and it is responsible for decreasing the bioactivity of most of the compounds used in developing the model. Hence, in the design of a hypothetical new drug, a significant decrease in this descriptor is needed to improve its activity. ATS7e is a 2D autocorrelation molecular descriptor developed by Todeschini and Consonni (2009) , which is defined as Broto-Moreau autocorrelation-lag 7/weighted by Sanderson electronegativities.
where w i and w j are the weights of the atoms i and j, ω 2 m; p; e; v f g , and δ ij is Kronecker delta, that is, δ ij = 1 if the ij th entry in the topological level matrix is = d and δ ij = 0 otherwise (Broto & Devillers, 1990; Broto, Moreau, & Vandycke, 1984; Moreau & Broto, 1980a , 1980b ).
ATS7e descriptor with mean effect (1.837) is found to be a significant descriptor which is positively correlated to the bioactivity of the compounds; hence, by increasing the magnitude of the descriptor, its activity is also increased. Other autocorrelation descriptor used in the model includes ATSC5c, which is defined as centered Broto-Moreau autocorrelation-lag 5/weighted by charges. This molecular descriptor is weighted by the charges on the molecule unlike ATS7e which is related to the polarization of the molecules caused by highly electronegative elements present in a compound; the former has a mean effect of 1.427, which indicates the direction of the descriptor influences the activity positively when increased.
The E-state and the HE-state indices may be used as atomic parameters to generate other topological indices. naasN is a 2D atom type electrotopological state descriptor, which is defined as the number of atom type N -descriptor present in a compound. It is an example of a combination of electronic, topological and valence state information developed by Hall and Kier (1995) to relate the importance of nitrogen atom type of the order in affecting the topological feature of the overall compound and how this in turn affects the activity of the compound as a direct result of this effect. The calculated effect (0.162) of the descriptor to the model was directly correlated to the activity of anticancer agents. Three other E-state descriptors used in the model are minHBint7, minHBint10, maxHBint5 and hmax; they are defined as minimum E-state descriptors of strength for potential hydrogen bonds of path length 7, minimum E-state descriptors of strength for potential hydrogen bonds of path length 10, maxHBint5 and maximum H E-state, respectively. The mean effects of the descriptors are presented in Table 4 ; their values vary in magnitude and direction with maxHBint5, which is negatively correlated to the activity of the molecules. Their values are given as 1.658, 1.286, −0.658 and 2.978, respectively; hmax had the highest value (2.978) while maxHBint5 (−0.658) which is negatively correlated to the activity of the molecules contributes the least to the model. Ojha, Mitra, Das, and Roy (2011) showed that the importance of the ability to encode the topology and electronic environment of molecular fragments in unison portrayed the E-state indices as an indispensable tool in the field of QSAR studies.
MDEC-11 and MDEC-23 are 2D molecular distance edge descriptor developed by Liu et al. (1998) ; MDEC-11 with a mean effect of −0.459 is defined as molecular distance edge between all primary carbons. The magnitude of MDEC-11 descriptor in the model shows that a decrease in the bond length of all primary carbons present in a potent anticancer agent increase the bioactivity of the molecule, while MDEC-23 descriptor defined as molecular distance edge between all secondary and tertiary carbons was reported with the mean effect of −3.918. The mean effect of MDEC-23 contributes the most in decreasing the activity of the molecules; its effect when compared to all other descriptors in the model is the most significant, hence the decrease in secondary and tertiary carbon atoms in a molecule would greatly increase the activity of an anticancer agent or hypothetical compounds with potent effect on K-562 leukaemia cell line.
Radial distribution function is a 3D coordinates of the atoms of molecules transformed into a structure code that has a fixed number of descriptors irrespective of the size of a molecule, Formally, the radial distribution function of an ensemble of N atoms can be interpreted as the probability distribution to find an atom in a spherical volume of radius r. RDF155v is one of the descriptor used in the model; it has a mean effect of 0.373 contributing very little to the overall effect of the descriptor to the model. The radial distribution function 155/weighted by relative van der Waals volumes as defined describes how the van der waal volume of the descriptor affects the activity of the molecule. Here, the value of the mean effects implores the increase of the RDF-155 weighted by the molecular volume in influencing the positive action of anticancer agents to their target site.
Ligand base drug design
Twenty-three compounds were designed using the information derived from the model. The molecular descriptor PSA and hmax were the principal descriptor used in our design, and this is owed to their significant mean effect on the model compared to other descriptors. We selected two lead compounds from our test set with low residual value from their predicted pGI 50 . This was done in order to minimize the possibility of statistical error in our design. The compound CAMPTOTHECIN ANALOGUE 3 was used to design 12 new analogues, while COLCHICINE DERIVATIVE was used as a lead compound in designing the remaining 11 compounds. The MF value of PSA descriptors suggest the removal of hetero atoms such as oxygen and nitrogen in order to reduce the PSA of the compounds, while hmax supports the conversion of unsaturated carbons to saturated carbons or replacing the (-O-) alkoxy groups with methylene carbons (-CH 2 -), thereby making more room for hydrogen atoms and increasing the possibility of hydrogen bond formation with the receptor.
The pGI 50 result of the designed analogues of CAMPTOTHECIN ANALOGUE 3 (CA) and COLCHICINE DERIVATIVE (CD) presented in Tables 5 and 6 shows a correlation between the activity of the newly designed compounds with the mean effect values of hmax and PSA. pGI50 of more than 90% of the designed compounds were more than the lead compounds, thereby justifying the contribution of PSA and hmax descriptor to the activity of anticancer drugs in mitigating K562 cancer cell lines.
Conclusion
For the robustness and statistical significance of the developed model, an initial division of data set was done for training and test set compounds using Kennard-Stone algorithm, before using genetic functional algorithm (GFA)-MLR tool for building the model. The model is statistically robust both internally (Q it indicates that a decrease in hydrogen bonding potentials of path length 7 and 10 as well a decrease in the total PSA for any compound is required to improve the pGI 50 of anticancer agents.
